ABSTRACT The integration of device-to-device (D2D) communications technology can further boost system performance for unmanned aerial vehicles supported pervasive social networking. In this paper, we maximize the sum social group utility of the social networking by power optimization, whereas the quality-of-service requirements of all D2D users and downlink users must be satisfied. In the proposed formulation, we consider the physical interference and social connections between users in the physical/social domain, respectively. However, the formulated problem is strongly NP-hard and intractable, to solve it we reveal the hidden non-convex components, and approximate the original problem with a sequence of more tractable convex problems. We propose an efficient semi-decentralized algorithm by decomposing the complex problem into several simple subproblems, which is proved to converge to the stationary solutions of the original problem. Simulation results show that our proposed method can achieve comparable performance but much less time complexity than the centralized method and obtain superior performance.
I. INTRODUCTION A. BACKGROUND AND MOTIVATION
The boost of manufacturing techniques and commercial prospects in recent years are enabling unmanned aerial vehicles (UAVs) communications to become a huge potential field to be developed in next decades. Benefiting from the low cost, flexible and stable remote manipulation, as well as the desirable line-of-sight (LoS) communication links, UAV can support conventional fixed cellular infrastructure as a complementary platform [1] . UAV-supported networks could realize seamless coverage in remote place, and high traffic offloading in hotspots such as sport stadium. Particularly, when terrestrial infrastructures are damaged, the UAV platform can aid emergency communication as soon as possible for public safety and disaster management [2] . Conventionally, device-to-device (D2D) communications are integrated into terrestrial cellular networks to improve spectrum efficiency [3] . Due to its manifold advantages, this paradigm is promising to enable new services for UAV-supported network, and can further enhance system performance [4] . Despite the wide applications and many appealing benefits, UAV communications also arouse many non-trivial issues, one critical challenge is the spectrum sharing between multiple D2D communications and UAV-aided network, which is still lack of indepth study. This concern motivates us to investigate the power control problem in UAV-supported network with multiple D2D communications underlying the same spectrum.
B. RELATED WORK
of UAV are well studied in [2] and [7] . Furthermore, the work in [8] proposes to use a swarm of UAVs to compensate for the temporary overload or site outage in cellular networks. Mozaffari et al. [9] , have developed an effective approach to optimally deploy multiple UAVs for ground users, such that the transmit power of all the UAVs is minimized. To exploit the benefit of UAV's mobility, Zeng et al. [10] , have firstly studied the throughput maximization problem in mobile relaying system by optimizing the transmit power and UAV's trajectory. Zeng and Zhang [11] , have further investigated the energy-efficient designs for UAV communication, in which a novel theoretical model is derived to capture the propulsion energy consumption of fixed-wing UAVs.
As one of the most flexible paradigms, D2D communication can easily be incorporated into existing cellular networks to support proximity-based services, such as social network applications or popular content sharing [12] . Many efforts have been devoted to developing power control schemes for the coexistence between D2D links and the underlying cellular networks [12] , [13] . Nevertheless, the coexistence of D2D communications and UAV-supported cellular network is rarely studied so far. The work in [4] has discussed the fundamental coverage and rate performance of UAV-supported cellular communication with multiple underlaid D2D communication links. The results in [4] show that the maximum coverage performance and system sum-rate depend on the density of D2D users and UAV's altitude, however power control is not considered in this work, neither downlink users (DUs) nor D2D users can be guaranteed of their qualityof-service (QoS) requirements.
Conventionally, network can utilize physical layer metric such as mutual physical interference to improve system performance. Beyond that, with the proliferation of social networking services, the modern higher pervasive social networking (PSN) layer can offer additional context information, including users' location, social characteristics and so forth [15] - [17] . By leveraging the PSN characteristics of the cellular system, the underlaid D2D communications can reap prospective gains. In [15] , a Bayesian model is used to infer the social relation strength between users for the improvement of traffic load in cellular network. The work in [16] and [17] have developed the social group utility maximization framework for cooperative wireless networking, by jointly considering the social relationships and physical coupling among users. However, there is still room for improvement of the spectrum reuse efficiency in these studies.
C. CONTRIBUTIONS
In this paper, we consider the scenario that multiple D2D communications share spectrum with the UAV-supported network. On one hand, the interference caused by D2D users and UAV transmitter make the physical interference relationships rather complex, even so, the QoS requirement of each user must be satisfied. On the other hand, in the social related network, the social group utility of each D2D user depends on its self-interest and the benefits of other social connected D2D users and DUs, under this framework the goal is to maximize the sum social group utility of the social networking. To the best of our knowledge, there is no fully distributed algorithm which can guarantee the global optimum with only local coordination when all nodes are coupling with each other. Conversely, the computational complexity of centralized method is too high to adapt to the increasing scale of the problems. To tackle these challenges with power optimization, instead, we take a semidistributed approach, in which each node or computation thread can make independent optimization based on limited communication with the central unit (possibly deployed on the UAV platform). Our contributions are summarized as follows:
• Formulate a sum social group utility maximization problem considering both physical interference and social relationship between users for multiple D2D underlying the UAV-supported network. Different from the existing studies, this formulation guarantees the coexistence of multiple D2D users and DUs when they share the same spectrum via power optimization.
• Analyze the feasibility of the formulated non-convex optimization problem, and reveal the hidden convex components. By proper approximation, the original problem can be addressed by solving a sequence of convex problems.
• Develop an efficient semi-decentralized algorithm, through which the complex joint optimization problem can be replaced by several simple subproblems. Theoretical analyses prove that the proposed algorithm monotonically converge to the stationary points of the original problem.
• Provide comprehensive simulations, which demonstrate the well convergence properties of the proposed algorithm and the great computation efficiency improvement compared with the state-of-art centralized method. Last but not least, under various parameter configurations the proposed method can always have superior performance, which is able to compensate the system performance degradation caused by the variation of UAV's. The rest of this paper is organized as follows. Section II presents the system model and problem formulation. Section III gives the problem analysis and transformation. Next, a semi-decentralized algorithm is proposed in Section IV. Performance evaluations are provided in Section V, followed by conclusions in Section VI.
II. SYSTEM MODEL AND PROBLEM STATEMENT
A. SYSTEM MODEL Consider in a dense network and users are with high data demand, a cache-enabled UAV platform is used as the flying base station to provide network connectivity for them and coordinate these users. On the UAV side, it can leverage the human-centric information, such as user's locations, mobility patterns, device type, etc., to offer on-demand service for VOLUME 6, 2018 ground users [18] . The UAV could use content caching technique to download popular content from the core network and can directly transmit the content to requested users. On the user side, each user is equipped with cache storage, and owns individual content in its cache. A user can either choose to download information from the UAV, or obtain interested information from nearby users by forming D2D pairs. Before a communication session, the user could determine its mode selection via peer discovery [19] , for example, a user sends information request to adjacent users, it can establish D2D link with other user when the request is accepted; otherwise it turns to access to the UAV as a downlink user. Without loss of generality, we consider the practical case that the available spectrum is limited. To enhance the spectrum efficiency, the popular underlay fashion is adopted for the spectrum sharing between multiple D2D communications and the UAV-supported network. This scenario can be easily extended to the multiple UAVs system, where ground users are associated with different UAVs based their spatial distribution (e.g., users clustering), consequently each UAV only needs to concern the ground users in its coverage [20] . Moreover, to mitigate the interference between different UAV networks for their coexistence, each network is expected to operate in different spectrum.
Suppose that the ground users are organized as a smallscale social network with stable social characteristics, these users form a community based on the similar interests, background or close proximity. In this network, a communication node represents a downlink user or a physical proximity D2D pair. Different nodes are connected by social ties, which indicates the strength of social relationships. The existence of social connection naturally makes it possible for different nodes sharing interested contents in the cache storage (such as music, video, and game) reciprocally, which are referred as the potential social benefits [16] , [17] , [21] . This UAV assisted social-aware communication architecture is shown in Fig. 1 , in which two domains are included: In the physical domain, multiple D2D links underlay the spectrum of UAV-supported network subject to mutual physical interference constraints; In the virtual social domain, each node makes decision considering its potential social benefits.
In the system, assume that there are N DUs and M D2D pairs, the set of DUs is denoted by C = {c 1 , ..., c N }, and the set of D2D links is D = {d 1 , ..., d M }. For notation, we denote the whole set of communication nodes as W = C ∪ D hereafter. The relationship between users can be depicted by interference graph in the physical domain and weighted graph in the social domain.
1) INTERFERENCE GRAPH FOR PHYSICAL DOMAIN
As shown in the upper part of Fig. 1 , in the physical domain, all the users share the same spectrum resource, the D2D communications bring interference to DUs, whereas the transmit signal of UAV also causes interference to the D2D links. The interference graph with respect to the whole network is a complete bidirectional graph, we use the directed weighted interference graph model G p = V p , R p to express the interference relationship between communication nodes in the physical domain. The vertex V p is the set of communication nodes, R p is a matrix, which represents the interference relationship among all these nodes. The entry in R p is denoted by r p i,j , i, j ∈ W, which means the channel gain from j-th user's transmitter to i-th user's receiver. Specifically, three kinds of interference relationships are included: interference between different D2D pairs, interference from D2D to DU, and interference from UAV to D2D user, which will be introduced in the following channel modeling part.
2) WEIGHTED GRAPH FOR SOCIAL DOMAIN
In the lower part of Fig. 1 , it draws a snapshot that a number of DUs download contents from the UAV, meanwhile several D2D links exchange contents that are already cached in their local memory. Different communication nodes may also be interested in the contents cached by other nodes, since device holders could move anywhere, once D2D links are established with the content owners, they can obtain those contents directly. As a result, it is not rational to just care the self-benefits and ignore the feeling of the social partners. Next, the weighted social connection graph is constructed to guide the design of social utility function by considering the potential social benefits of users.
Denote G s = (V s , R s ) as the weighted social relation graph, where V s is the collection of all the active communication nodes, R s is the relation matrix. In particular, let ω i,j , ∀i, j ∈ D denote the closeness coefficient between D2D user i and j, which is not necessarily symmetric, because different users may have divergent feelings about their relationship between each other. Let δ i,k , ∀i ∈ D, ∀k ∈ C represent the closeness coefficient between D2D user i and DU k. There are various ways (like online scheme or offline scheme) to obtain the relationship among users in a social network [16] . In this social system, the connection strength is normalized within [0, 1], the higher value of ω i,j ∈ [0, 1] or δ i,j ∈ [0, 1] reflects the strong social connection and the lower one represents a weak connection [17] .
3) CHANNEL MODELING
In practice, exact instantaneous channel state information is hardly to get. Instead, the channel state is usually regarded as quasi-static in a short communication block, the typical modelings for the regular ground channel and the air-toground channel are given as follows.
The regular ground link can be modeled by the practical Rayleigh fading channel [16] . We denote g c k ,
2 as the channel gain from the transmitter of D2D user i to DU k, where X c k ,d i is the distance between them, α d is path loss exponents of the corresponding channel, and h c k ,d i is the complex Gaussian channel coefficient which follows the distribution of CN (0, 1). Similarly, the channel gain from the transmitter of D2D user j to the receiver of D2D user i can be expressed as
Due to the environment, density and height of buildings, as well as elevation angle between user and UAV, the air to ground channel is affected by the occurrence of line-ofsight (LoS) links, non-line-of-sight (NLoS) links, and small scale multipath fading. Commonly, the small scale fading is neglected, since it is too weak compared with LoS and NLoS components [4] , [6] . Considering the channel characteristic from the UAV to a ground user, the received signal power at user location for LoS and NLoS connections are [4] 
where X i,u is the distance between the UAV and ground user i, α u is the path loss exponents of UAV to ground user channel, and η LoS , η NLoS are the additional attenuation factors for LoS link and NLoS link, respectively. Fig. 1 shows that the UAV deploys at an altitude of h, depending on the environment, building's density and height, user location and elevation angle, the probability of LoS connection is given by [7] 
where C and B are environment dependent parameters (such as rural, urban, or dense urban), θ i is the elevation angle between UAV and user. Obviously, θ i can be calculated by
, in which r i = X 2 i,u − h 2 . According to (2) , the LoS probability increases as the elevation angle increases. On the contrary, the NLoS probability is Pr NLoS = 1 − Pr LoS . Essentially, the altitude of UAV determines the signal propagation distance and elevation angle, thus both LoS and NLoS attenuation jointly affect the path loss of UAV to the ground user i in a communication block [2] ,
Based on the channel model definition, the signal-tointerference-plus-noise ratio (SINR) received by D2D i is
where p i is the transmission power of D2D user i,
denotes the channel gain between the transmitter and receiver of D2D user i, and N 0 is variance of Gaussian noise at receivers. The interference caused by other operating D2D links is
the interference from the UAV is
The SINR at DU k is given by
where p u g c k ,u is the strength of desired downlink signal,
operating D2D links. Then the channel rate of D2D and DU are given by
respectively. Since D2D links reuse the spectrum opportunities of UAV services, their transmission power must be controlled properly, meanwhile the UAV platform can be manipulated manually or automatically to adjust its transmission power. Above all, the most basic concern is the communication constraints that both D2D links and DUs should maintain the received SINR level which is higher than the required signal decoding threshold. Denote the SINR threshold of DU and D2D by λ th c k and λ th d i respectively, the QoS constraints are expressed as
We can infer from (8) that the interference at each receiver must be carefully managed to satisfy the QoS requirement.
In the following section, we will show that the interference VOLUME 6, 2018 between users can be effectively coordinated by transforming constraint (8) into a more efficient form. In the social system, neither D2D links nor UAV platform could blindly pursue their own transmission rate maximization, all users' benefits are coupled on account of the interference relationship in physical domain and social connection in social domain. Considering the potential social benefits, each D2D user can design its individual social group utility as [16] 
where → R is determined by social related users' benefits under the interference graph and social connection graph of the community. Furthermore, based on the above definitions and constraints, the whole community social group utility maximization problem is formulated as
The last conditions in (10) restrict the individual power constraints. To maximize the total social group utility, we need to optimize the transmit power of all the D2D users and the UAV platform. Each time, as the device holders move to other place or the UAV readjusts its position, the physical interference graph will be changed accordingly, but the social information is more stable, as a result, each D2D user will redesign the social utility function and reformulate problem (10) . Combine (6), (7), (9) and (10), it is observed that the objec-
f i (p) has no obvious monotonic or concave properties with respect to any single variable p i , 1 ≤ i ≤ M + 1, let alone the joint optimization vector p. Problem (10) confronts three major challenges, namely: i) the objective function is non-concave (detailed analysis can be seen in Section III-B), and even the individual social group utility function f i (p) in (9) also depends on the strategies of all D2D users and the UAV platform; ii) the existence of constraints (8) couples with all optimization variables, which means the common best-response-like algorithms possibly lead to infeasible circumstance and are hardly converged; iii) the power optimization problem that multiple users share a single channel usually falls into the strongly NP-hard category, which can be referred to the [22, Th. 1]. The above analysis motivates us to propose an efficient algorithm to find a suboptimal solution to problem (10).
III. PROBLEM ANALYSIS AND TRANSFORMATION
Before considering the optimization methods, we must be sure that whether problem (10) is feasible or not. This step won't take too many extra burdens, in contrast, it can help us to make a prejudgment of the corresponding system, and more importantly, provide initial feasible points with regard to problem (10).
A. FEASIBILITY ANALYSIS
In this part, our main attentions are concentrating on the constraints. Firstly, the conditions of the DUs' required SINR threshold can be equivalently written as
Let e c k ,
, and the N × (M + 1) matrix E 1 = e c 1 , ..., e c N T , then the compact form of constraints (11) is
where symbols 1 and 0 denote the column vector all of whose components are one and zero respectively. The conditions of D2D users' required SINR threshold can be rewritten as
Furthermore, denote
T , we can combine (12) and (14) as
Consequently, to analyze the feasibility of the considered problem, the following problem is formulated
where the optimization variable
T means the residual violation of the coupling constraints (15) ,
T is the weight vector, the matrix
represents individual constraints of variables, in which = {0 p p max , ε t}. ε denotes a column vector with arbitrary nonpositive elements, 0 p p max is the vector form of individual power constraints. It is observed that problem (16) is a linear programming and can be solved via sophisticated optimization software such as CVX [23] . In the obtained solutions, if t 0, then problem (10) is feasible and at the same time an initial point of p is found; otherwise we can identify which users' SINR levels are violated by checking the elements of t. For the infeasible case, there are methods to make the system feasible by adopting the admission control scheme in [24] .
B. SUCCESSIVE CONVEX APPROXIMATION TO PROBLEM (10) To solve the non-convex problem (10), we should reveal the convex component hidden in the objective function of (10). Next, we successively approximate the non-convex function into the convex one, as a result the original problem is more easily handled.
Based on (9), the objective function of (10) is
Define Proof: See Appendix A. According to Theorem 1, now we can write the objective function (18) as an equivalent D.C. form
where −w 1 i (p) and −w 2 i (p) are both concave functions, defined as
−w
where g c
, and e c
Since the non-concave structure in objective function prevent problem P 0 to be tractable, a feasible way is to approximate the non-concave parts with proper substitutions, and deal with a sequence of strongly concave problems. What we shall do next is to construct the approximate function, meanwhile all variables are decoupled in the formulated objective function. 
Given an arbitrary feasible point p n p n i 1≤i≤M +1 ∈ , and denote other variables except p n i as p n
) where the first term only includes individual variable p i . To decouple other variables, we apply the first-order Taylor expansion at p n to approximate the term in brackets of (23) as follows
can be approximated as
As for the non-concave term w 2 i (p), it can be replaced by its linearization at p n :
Combine (23) to (26) , the convex approximation of the original D.C. function ϕ (p) at p n can be written as
Notably, the proximal-like regularization term in (27) with τ i ≥ 0 brings robustness to solutions [25] . By rearranging, the above formula is equivalently rewritten as
where
It can be seen from (29) 
It is easy to verify that the Hessian matrix ∇ 2 φ (p; p n ) is diagonal with positive elements, hence problem (P n ) is strongly convex and has a unique solution [26] . Actually, (P n ) provides a search direction at point p n , however, it is still unclear whether this direction is descent, such that the iterative processes converge to a stationary solution of P 0 . To provide a sound answer, next section will give detailed analysis.
IV. SEMI-DECENTRALIZED POWER OPTIMIZATION ALGORITHM
The convex problem (P n ) can be directly addressed by centralized algorithms like interior point method [26] , however, the high computational complexity hinders the scalability of problems from expanding. As for the decentralized mechanisms, it is tempting to adopt the dual decomposition, when relaxed, the problem decouples into parallel subproblems across each optimization variable [27] . Theoretically, this method can be implemented in a distributed way and have acceptable performance [28] . Nevertheless, we observe that the dual decomposition suffers from the following drawbacks in practice: i) the parameters setting are highly depending on experience; ii) the convergence speed of the subgradient method is slow, which exhausts much computation time; iii) due to the relaxation of constraints, it possibly leads to infeasible intermediate results. Likewise, the work in [29] points that dual decomposition may result in numerical instability. To overcome these disadvantages, we take a tricky way to decouple problem (P n ), the design rationale is motivated by alternating direction method of multipliers (ADMM) [30] .
Firstly T associate with the constraint p = q, and the positive penalty factor ρ, the augmented Lagrangian for the equivalent problem (30) is
which is restricted by the equivalent constraints 0 p p max , q ∈ . Combine the linear and quadratic terms, (31) can be simplified as
where W = (1/ρ ) µ. Fundamentally, the quadratic regularization term forces p and q to reach a consensus, therefore, problem (P n ) won't be affected as long as p − q 2 2 → 0 for any set of primal feasible variables [31] .
Furthermore, we update the variables p, q and W in the t-th iteration are as follows:
Note that the first step in (33) can be handled in an entirely parallel way, accordingly M + 1 nodes or computation threads, each solves the following simple problem at iteration k:
These subproblems can be efficiently solved by standard line search methods [32] . The update of q in (34) is a positive define quadratic programming (QP) with linearly constraints, the strict convexity leads to a unique global minimum solution. There are extensive studies focusing on large scale QP problems [33] , [34] , and diverse sophisticated QP solvers are available, just to name a few: QPBLU [34] , ALGLIB [35] , CVX [23] and Matlab optimization toolbox [36] . The final step in (35) is the dual variable update with a step size equal to ρ.
A. ALGORITHM IMPLEMENTATION
The proposed semi-decentralized algorithm for social group utility maximization problem is summarized in Algorithm 1. The first step checks the feasibility of problem P 0 , and prepares an initial feasible point for next iterations if it exists, see the detailed analysis in Section III-A. In Step 2, note that there are two initialized parameters: regularized parameter
and expanding factor β. In simulation we take τ 0 i = 10 −4 for all i = 1, ..., M + 1, and β = 1.02, thus τ keeps increasing gradually by iteration.
Step 4 defines the Lagrange variable for inner iteration, unlike dual decomposition, the setting of µ 0 in this algorithm doesn't need any extra attentions, so we can simply let µ 0 = 0. The main part of the proposed algorithm is the alternatively updating of variables from Step 6 to 10. At the first inner iteration, q can use the initial value passed from outer iteration q 0 = p 0 outer . Given q 0 and µ 0 ,
can be obtained by solving (36) . For better convergence, the penalty factor is adjusted as follows to balance the primal and dual residual,
where κ > 1 and υ > 1 are parameters (typically, we can choose κ = 2, υ = 10) [30] .
Step 11 updates the outer variable p outer with the results produced by inner iteration. Given the latest point, the inner iteration will proceed again for the newly approximated problem in (30) . A practical stop criterion in Step 13 is (SC2):
≤ ε outer , where ε outer is a predefined accuracy.
B. CONVERGENCE AND COMPLEXITY ANALYSIS
In this subsection, we will analyze the convergence properties and the computational complexity of the proposed algorithm.
The steps with respect to the inner iteration has guaranteed convergence, which can be referred to [30] , this conclusion can also be verified by the simulation results in next section.
Theorem 2: Given an initial feasible point p 0 outer , the sequence p n outer generated by Algorithm 1 converges to the stationary solutions of problem P 0 .
Proof: See Appendix B. The complexity of Algorithm 1 is scalable with the total number of D2D nodes and DU nodes. All the computation costs are consumed by Step 6 to 8.
Step 6 consists M + 1 parallel line search for solving (36) , each subproblem i ∈ {1, ..., M + 1} needs k 1 = 2.078 × ln
iterations to achieve ε 1 -suboptimal with Golden section search method. What Step 7 do is to perform an Euclidean projection onto the convex set , its complexity is O (M + 1) flops per iteration by using interior point methods. Finally, Step 8 can finish the dual variable update by a single iteration, whose computation is trivial. The outer iteration usually needs several cycles in practice. Need to mention that even the output of each inner iteration in Algorithm 1 is also feasible, which is more preferable for real-time optimization.
V. PERFORMANCE EVALUATION
In this section, numerical simulations are conducted to demonstrate the effectiveness of the proposed algorithm and VOLUME 6, 2018
Algorithm 1 Semi-decentralized Power Optimization via ADMM 1: Feasibility analysis: Solve problem P feasible , if it turns out that problem P 0 is feasible, then an initial point p 0 outer is found; otherwise terminate and set the objective utility as zero. 2: Initialization: Set n = 0, τ 0 0, β > 1. 3: repeat 4: Set k = 0, µ 0 0, and let q 0 = p n outer .
5:
repeat 6: Each node or computation thread solves (36) in parallel, update p k+1 i for alli = 1, ..., M + 1.
7:
A central unit computes q k+1 by solving (34).
8:
Update dual variable according to (35) . 9: k := k + 1.
10:
until stop criterion (SC1) meets.
11:
Set p n+1 outer := O p p n outer .
12:
Set τ n+1 := τ n β, and n := n + 1. 13: until stop criterion (SC2) meets.
the validity of the theoretical analysis. In simulation, the network area covered by UAV is L × L, where L chooses 200m or 500m is depending on the users scale. The UAV flying height ranges from 50m to 2000m. To generate possibly more available communication links, the communication distance between a D2D transmitter and receiver is set as 5m, and the minimum distance between different nodes is set as 25m. The main simulation parameters are listed in Table 1 , which are based on the typical setting in [4] . 
A. CONVERGENCE EVALUATION
Firstly, a simple instance is conducted to show the convergence behavior of the proposed algorithm, we randomly generate 5 DUs and 5 D2D links within a 200m × 200m area, where in the center UAV is hovering at the height of 100m. Set the minimum required SINR for decoding is 10dB. For simplicity, the social relation weights, ω i,j , ∀i, j ∈ D and δ i,k , ∀i ∈ D, ∀k ∈ C are randomly generated within [0, 1]. For one realization of the aforementioned scenario, the step of feasibility analysis shows that the original problem P 0 is feasible, meanwhile provides an initial point: p 0 outer = [14.49,19.50,17.78,17.85,18.16,24.49] T dBm. Given this feasible point, the inner iteration proceeds to solve problem (30). 2 shows the norm of primal residual and dual residual at each inner iteration, it observes that the primal residual and dual residual diminish fast, and finally tend to infinity small, therefore the inner iteration can converge very quickly.
According to Theorem 1 in Section IV, sequence
is monotonically increasing and finally converges to a stationary point. Fig. 3 plots the value of objective function obtained at each outer iteration, which coincides with the theoretical proof. It takes 32 iterations until the stop criterion meets. Moreover, Fig. 4 and Fig. 5 draws the convergence of transmission power and receivers' signal SINR level, respectively. These two figures can check whether the constraints in problem P 0 are violated. We can see that the transmission power of UAV and D2D users keep adjusting gradually, all of them are always regulated among the legal domain. Correspondingly, the SINR level at receivers are directly affected by the transmission power adjustment. In Fig. 5 , the red line means the minimum SINR threshold, other solid lines represent the D2D receivers' SINR level, and dot lines are DUs' SINR level, it shows that each SINR constraint is satisfied all along the whole process.
Another instance is to compare the performance of the proposed algorithm with the centralized method. The network area is 500m × 500m, the total users' number ranges from 10 to 100, in which consists of equal number of D2D users and DUs, UAV height is fixed at 500m, and SINR threshold of all users are 10dB. As for the centralized method, we implement the interior point method based fmincon function in Matlab optimization toolbox [36] upon problem (30) . The stop criterion accuracy adopted by both the proposed algorithm and the centralized method is ε outer = 10 −3 . The comparison results are demonstrated in Fig. 6 and Fig. 7 , each point is averaged by at least 200 realizations, and both methods are carried out on the Intel core i5, 3.3GHz processors.
In Fig. 6 , it shows a significant gap between the two methods with respect to the time complexity, the outperformance is owing to the decomposition idea brought in Section IV. The realizations of last point for centralized method are left out due to its intolerable time costs. Moreover, Fig. 7 depicts the final obtained sum utility associated with the time consumption in Fig. 6 . Although our proposed algorithm saves a lot of computation time compared with the centralized method, it can also achieve almost the same optimization performance. 
B. SYSTEM PERFORMANCE SIMULATION
In this part, the sum of social group utility in regard to each D2D user is evaluated, the following simulation results will demonstrate how the sum utility performance is affected by UAV flying height, number of D2D users and DUs, as well as the social relation weights between users. To show the VOLUME 6, 2018 effectiveness of our method, we compare it with the baseline scheme adopted in [1] and [4] where UAV and all D2D users communicate with their maximum transmit power. Fig. 8 gives a thorough exhibition of the UAV flying height impacts upon the network sum utility under various settings. The red lines indicate the results obtained by the proposed method, and blue lines represent the baseline scheme. Each point in Fig. 8 records the mean value and standard deviation of the sum utility which is conducted through Monte-Carlo simulations. On the whole, we can observe that the baseline scheme has obvious ''window effects'' affected by the UAV flying height, however our method can always keep a stable performance about 225 bits/s/Hz in Fig. 8(a) and Fig. 8(b) , and 760 bits/s/Hz in Fig. 8(c) and Fig. 8(d) , which are better than the baseline scheme. Other observation is that the standard deviation bars of baseline results are rather long due to the limited performance under various realizations. Specifically, in Fig. 8(a) and Fig. 8(b) , the only difference is SINR threshold. In these two cases, the proposed algorithm could obtain similar sum utility performance, but the ''window width'' for the baseline scheme declines significantly when SINR threshold is higher. Same phenomenon can also be observed from Fig. 8(c) and Fig. 8(d) . Intuitively, higher SINR needs stronger desired signal or weaker interference. On one hand, when channel remains the same, for the baseline method, the SINR level at each user is unchanged, higher SINR brings more interference among users. On the other hand, when the height is too low, the trasmit power of UAV cause severe interference to D2D users, when the height is too high, DUs could only receive weak signals, which is why the ''window effects'' exist. Furthermore, in Fig. 8(c) and Fig. 8(d) , the number of D2D users and DUs are double than that in the former two cases. The proposed algorithm can achieve higher sum utility according to the optimization process, since more interference is brought in, the baseline results are acceptable only when the UAV flying height is within [700m, 1400m] in Fig. 8(c) . Worse still, increasing the SINR threshold from 5dB to 10dB, the ''window'' becomes shorter and narrower in Fig. 8(d) for the baseline scheme, while the proposed method is not suffered at all. At last, it is clear that the UAV flying height variation won't impose too much degradation on the network sum utility in a statistical sense, if proper power control method was selected.
As more users are covered by the UAV signal, the network sum utility possibly tends to increase, but in the meantime more mutual interference leads to tougher constraint for each user, one typical example is that the baseline scheme can hardly be feasible when the total number of users beyond 20 in the scenario setting of Fig. 9 . We fix D2D users' number as 10, and vary the DUs' number from 10 to 20, to obtain the results with the proposed method in Fig. 9(a) . Likewise, we fix the number of DUs and vary D2D user's number in Fig. 9(b) . We also consider four kinds of social relation weight levels between users in each simulation. Clearly, increasing the number of DUs or D2D users, the sum utility is enhanced accordingly except that users are non-social related. When the social weights between users are zero, which means they are totally unrelated strangers, the social group utility only depends on the D2D users according to the definition. Since there is no way to share contents, the sum utility is exactly the sum transmission rate of D2D users. When users are social related, increasing D2D users could bring more network social utility than increasing the same amount of DUs. Interestingly, when the social relation weights are random numbers uniformly generated within [0, 1], the results are statistically consistent with the case that social weights are 0.5.
In order to evaluate the influence of social relation weight on the network sum utility, we plot the sum utility varying social relation weight from 0 to 1 in Fig. 10 . Both proposed method and baseline scheme are executed with different SINR threshold. The sum utility obtained by proposed method increases in proportion to the social relation weight, when social relation weight is 1, the sum utility is about 10 times larger than no social relation. Similar tendency can also be observed from the baseline results with lower SINR threshold.
VI. CONCLUSION
This paper investigated the issue of power optimization for D2D communications underlying the UAV-supported socialaware network. Specifically, we first formulated a sum social group utility maximization problem based on the relationship between users in both the physical and the social domains. In this formulation, multiple D2D users and DUs simultaneously share the same spectrum, and they all subject to the minimum QoS constraints as well. However, this optimization problem falls into the strongly NP-hard category due to the non-convex objective function and the coupled optimization variables. In order to find a tractable solution, we applied VOLUME 6, 2018 the successive approximation to transform the original problem by a series of more tractable convex problems. Next, we developed an efficient semi-decentralized algorithm to solve the considered problem, and this algorithm turned out to has guaranteed convergence. The extensive results showed that our proposed method could achieve similar performance with less time complexity compared with the centralized method, and outperform the baseline scheme under various parameter configurations.
APPENDIX A PROOF OF THEOREM 1
Problem P 0 has the following properties:
(A1): The feasible set = {p|0 p p max , Ep + N 0 1 0} of problem P 0 is affine; (A2): The objective function of problem P 0 has continuous first and second derivatives; (A3): There exists two concave functions
For ∀i ∈ {1, . . . , M }, R i = R d i , according to (6), we have the following expression
where,
Next, we shall prove that both u 1 i (p) and u 2 i (p) are concave function on . For function u 1 i (p), it's more convenient to check its concavity by restricting it to a line [26] . Assume ∀p 1 ∈ , and p 2 is an arbitrary vector, define
where dom h = {t |p = p 1 + tp 2 ∈ }. It can be easily inferred from (40) that h (t) ≤ 0 always holds for ∀t ∈ dom h, therefore u 1 i (p) is concave, and so is u 2 i (p). Similarly, for ∀i ∈ {M + 1, ..., M + N }, R i = R c i−M is also a D.C. function, consequently the desired result is obtained.
All the properties listed in (A1), (A2), and (A3) conclude that P 0 is a D.C. programming [32] , [33] .
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